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Consistency of Measurements of Wavelength
Position From Hyperspectral Imagery: Use of the
Ferric Iron Crystal Field Absorption at ∼900 nm

as an Indicator of Mineralogy
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Abstract—Several environmental and sensor effects make the
determination of the wavelength position of absorption features in
the visible near infrared (VNIR) (400–1200 nm) from hyperspec-
tral imagery more difficult than from nonimaging spectrometers.
To evaluate this, we focus on the ferric iron crystal field absorption,
located at about 900 nm (F900), because it is impacted by both
environmental and sensor effects. The consistency with which
the wavelength position of F900 can be determined from im-
agery acquired in laboratory and field settings is evaluated under
artificial and natural illumination, respectively. The wavelength
position of F900, determined from laboratory imagery, is also
evaluated as an indicator of the proportion of goethite in mixtures
of crushed rock. Results are compared with those from a high-
resolution field spectrometer. Images describing the wavelength
position of F900 showed large amounts of spatial variability and
contained an artifact—a consistent shift in the wavelength position
of F900 to longer wavelengths. These effects were greatly reduced
or removed when wavelength position was determined from a
polynomial fit to the data, enabling wavelength position to be
used to map hematite and goethite in samples of ore and on a
vertical surface (a mine face). The wavelength position of F900

from a polynomial fit was strongly positively correlated with the
proportion of goethite (R2 = 0.97). Taken together, these find-
ings indicate that the wavelength position of absorption features
from VNIR imagery should be determined from a polynomial (or
equivalent) fit to the original data and not from the original data
themselves.

Index Terms—Geology, hyperspectral sensors, image classifica-
tion, infrared spectroscopy, minerals, mining industry, polynomi-
als, remote sensing, signal processing, spectral analysis, terrain
mapping.

I. INTRODUCTION

FOR nearly three decades, imaging spectrometers have
been used to acquire information about the geology and

mineralogy of the Earth’s surface [1]. During this time, new
analytical approaches have been developed to identify and map
minerals in hyperspectral imagery by matching their spectral
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Fig. 1. Spectra of goethite measured using an ASD spectrometer (top), single
image pixel spectra measured in the laboratory and under natural sunlight
(middle and bottom, respectively). Spectra are offset on the vertical axis for
clarity (scale showing 10% reflectance indicated at lower right). Absorption
features caused by crystal field effects (F515, F668, and F900) are indicated.
Wavelengths affected by atmospheric absorption are shown on the bottom
spectrum. The spectral regions sensed by the separate VNIR and SWIR imaging
sensors are shown above the graph.

curves to libraries of known minerals, reviewed by Plaza et al.
[2] and Cloutis [3]. Many established techniques such as the
spectral angle mapper (SAM) and spectral unmixing exploit
the full dimensionality of the data [4]–[7]. There remains,
however, a need to extract pertinent features from spectra such
as the wavelength position of absorption features. Wavelength
position provides information about the identity of absorbing
minerals as well as aspects of their geochemistry such as the
degree of cation substitution [8]–[10]. The ability to reliably
extract information on wavelength position depends upon the
amount of noise in the spectrum and the location of the ab-
sorption feature in the spectral curve. Determining the wave-
length position of features in the short-wave infrared (SWIR)
is relatively straightforward because the features are intense
and relatively narrow [11]–[13]. In the visible near infrared
(VNIR), the accurate determination of wavelength position is
more challenging. Many features, such as those of ferric iron,
are broader and are located in a region of the spectrum affected
by intense atmospheric absorptions (see Fig. 1). This may, at
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TABLE I
WAVELENGTH POSITION OF F900 FOR HEMATITE AND GOETHITE REPORTED BY VARIOUS STUDIES

least partly, explain why the vast majority of studies which
have used wavelength position as a feature in the study of iron
oxides have been done in the laboratory using artificial light
[9], [14]–[16], with the exception of the work by Cudahy and
Ramanaidou [17] who extended their laboratory study into the
field.

All of the aforementioned studies used data from nonimaging
spectrometers which have a high spectral resolution and bit
depth, producing relatively clean spectra across the VNIR with
a large signal-to-noise ratio. The determination of wavelength
position is more difficult from hyperspectral imaging sensors
than from nonimaging sensors for several reasons: 1) Data
are noisier, particularly toward the beginning and end of the
sensed spectral range (e.g., > 930 nm for VNIR sensors [18]);
2) bandpasses are typically broader than their nonimaging
counterparts; and 3) physically separate sensors are required
to acquire imagery in the VNIR (400 to ∼970 nm) and SWIR
(∼970–2450 nm) parts of the spectrum. Residual errors in
calibration and in the spatial registration of images acquired
by the separate VNIR and SWIR sensors can introduce an
offset in reflectance in spectra at the crossover point between
the sensors. Major absorption features of some minerals (e.g.,
those containing ferric iron) are located within a spectral region
sensed by both VNIR and SWIR imagers, i.e., they straddle
sensor boundaries. These combined effects present a significant
impediment to determining the true wavelength position of
VNIR features from imagery. To date, however, no published
studies have assessed the accuracy and consistency with which
wavelength position can be determined from hyperspectral
imagery for absorption features in the VNIR (400–1200 nm).
To address this, we have selected the crystal field absorption of
ferric iron located at ∼900 nm (F900). This feature was selected
because it is affected by all the aforementioned factors and thus
presents a difficult test of our ability to determine its wavelength
position from imagery (see Fig. 1).

In addition to F900, the VNIR spectra of iron oxides show
strong absorptions centered at ∼515 nm and ∼668 nm, also
caused by crystal field effects. These crystal field features
have different intensities for hematite and goethite, with the
strength of the feature at 668 nm increasing with increasing
proportion of goethite [19]. The wavelength position of F900

is of particular importance because it has been related to the
proportion of goethite (FeOOH) relative to hematite (Fe2O3)

in samples of iron ore [15], [17]. Increasing the amounts of
goethite relative to hematite causes the wavelength position
of F900 to shift to longer wavelengths (see Table I). It should
be stressed, however, that comparisons of wavelength posi-
tion among studies cannot be made unless the removal of
the spectral continuum—a prerequisite to the determination
of wavelength position—has been done over the same wave-
length range. Detecting this shift is of major significance to
mining companies. To automate and guide the mining process
and to determine the type of ore, mining companies require
information on the relative amounts of hematite and goethite
on mine faces (using natural sunlight) and in crushed ore on
conveyor belts (using artificial light). Hyperspectral imagery
is ideally suited to this task, yet there remains the uncertainty
about the consistency with which wavelength position can be
identified using these different types of illumination. Using
hyperspectral imagery acquired under artificial light, we test the
accuracy and consistency with which the wavelength position
of F900 can be determined from samples of compositionally
homogeneous rock powders and from topographically complex
“whole rock” samples of iron ore. We then test the hypothesis
that wavelength position can be determined from hyperspectral
imagery with sufficient accuracy as to estimate the proportion
of goethite in artificial mixtures of crushed rock. Because
these experiments are done in the laboratory under controlled
conditions, without the effects of the intervening atmosphere,
they represent the best case scenario for determining the wave-
length position of F900 from hyperspectral imagery. We then
apply the same methods to determine wavelength position
from imagery of an open-pit mine in the Pilbara, Western
Australia. This presented a more difficult test for determining
wavelength position as data are acquired using natural sunlight
which is affected by intense atmospheric absorption. Large
variations in the brightness of hematite (with low reflectance)
and goethite (with high reflectance) further increase noise in the
data because the maximal sensor integration time with which
data are acquired is constrained by the saturation point of the
brightest pixels in the image. Spectra of pixels with darker
minerals (e.g., hematite) have therefore a smaller signal-to-
noise ratio. Although imagery of hematite and goethite acquired
in the laboratory is affected by the same problem, data ac-
quired in the field have additional noise caused by atmospheric
absorption.
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II. MATERIALS AND METHODS

A. Spectrometry

To provide high-quality measurements of reflectance and
a standard against which image spectra could be compared,
a field spectrometer was used to acquire measurements of
reflectance (350–2500 nm). The spectrometer [Analytical Spec-
tral Devices (ASD), Boulder, CO, USA] was fitted with a
reflectance probe with a high-intensity integrated light source.
Reflectance spectra were acquired by taking a measurement of a
calibration panel (∼99% Spectralon; Labsphere, North Sutton,
NH, USA) and then the target. In each case, the probe mea-
suring window (2 cm in diameter) was placed in direct contact
with the surface being measured. Forty individual spectra were
averaged to produce each recorded reflectance spectrum. In
the laboratory, spectra were processed to absolute reflectance
by dividing by the reflectance of the calibration panel. Visual
inspection of spectra indicated that they were of very high
quality, with almost no noise between 400 and 2400 nm. To
remove any noise that was present, a polynomial filter was
applied to the data with a 100-nm window [20]. The smoothing
process preserved entirely the dynamic range and shape of the
original spectra. Spectra acquired in this way are henceforth
termed as ASD spectra.

B. Imaging Spectrometry

The imaging system (Specim, Finland) comprised a VNIR
sensor (400–970 nm) and a SWIR sensor (970–2500 nm). The
former is configured to record 125 bands at an average full-
width at half-maximum (FWHM) of 4.63 nm, and the latter
is configured to record 246 bands at an average FWHM of
6.23 nm. The sensors were configured to have the same pixel
dimensions to facilitate the spatial registration of VNIR and
SWIR imagery.

1) Laboratory Imagery: The imaging sensors were mounted
onto a scanning frame at a nominal distance from the target
of 730 mm. Samples were placed on a table moving linearly
beneath the sensors. The speed of the table was adjusted so that
the correct shape of the samples was preserved in the image.
The source of illumination was two arrays of seven halogen
lights each. The lights were positioned to illuminate the target
from both sides of the scanning frame. A calibration panel
(∼99%) measuring 30 cm × 3 cm was placed at one end of
the scanning table. Calibration measurements were acquired
separately for each sensor. The field of view of each sensor
was positioned into the center of the calibration panel, and
∼300 frames of data were acquired without moving the linear
scanning tray. The integration time was set so that spectra over
the calibration did not saturate. The integration times for the
measurement of the calibration panel and the target were kept
constant as we wished to emulate conditions in the field, where
the calibration panel and target were acquired in the same image
(i.e., with the same integration time).

After acquisition, the dark current was removed from the
images on a line-by-line basis. Each pixel spectrum in the VNIR
image was corrected for an artifact—an increase in sensor
counts toward shorter wavelengths, caused by the buildup of

charge in the detector array. Calibration to reflectance was done
on a line-by-line basis to remove variations in illumination
across the spatial dimension of the sensor array. The VNIR and
SWIR images were spatially registered using a simple shifting
of one image relative to the other to account for differences in
the position of the sensors on the scanning frame. VNIR and
SWIR images of the same dimensions were then combined into
a unified data cube. Smile and keystone effects for the imaging
sensors have been quantified at less than 20% of the pixel size
and were not observed in any of the processed imagery.

2) Field Imagery: Open-pit mines in Western Australia are
arduous environments for the collection for hyperspectral data.
Sensors and computer equipment have to be protected against
high ambient temperatures (> 50 ◦C), direct sunlight, and dust.
This was done by enclosing both sensors in an air-conditioned
box, with the lens of the sensors protruding through. Cool,
filtered, desiccated air was pumped into the top of the box
and exhausted through the bottom. The entire enclosure was
mounted on a rotating stage to acquire the image.

Reflectance standards of various brightness (Spectralon; with
nominal reflectances of 15%, 30%, 40%, and 100%) were
placed within the field of view of the imaging sensor. The ori-
entation of the panels was adjusted to match the orientation of
the slope of the mine face. For this present study, an integration
time was selected for each sensor so that pixel values over the
30% calibration panel or the mine face did not saturate. Data
were processed as described for the laboratory imagery but
were calibrated to reflectance on a band-by-band basis using
the average value of pixels over the calibration panel. A mask
was applied to the image to remove pixels which contained
signatures of live or dead vegetation (as in [21]).

C. Validation of Wavelength Calibration of Sensors

To check the wavelength calibration of the ASD field spec-
trometer and the Specim imaging sensors, spectra were ac-
quired from a Spectralon calibration standard, doped with the
rare-earth metal holmium. The holmium standard was cali-
brated to a National Laboratory Traceable Standard by the
manufacturer (Labsphere, North Sutton, NH, USA). The cal-
ibration certificate provided by the manufacturer listed several
intense sharp features in the VNIR region and one in the SWIR.
Measurements were made of the holmium standard by the ASD
spectrometer and imaging sensors. In each case, measurements
were made relative to pure ∼99%-reflective Spectralon and
converted to absolute reflectance units. Replicate spectra ac-
quired by the ASD field spectrometer were averaged (n = 8).
VNIR and SWIR images were acquired from the panel and an
average spectrum calculated from the pixels from the center
of the holmium standard. The known wavelength positions of
the absorption features of the holmium standard provided by
the manufacturer were then subtracted from those measured
by the ASD spectrometer and Specim imagers, respectively
(see Table II).

For the ASD spectrometer, differences in wavelength posi-
tion between the known and measured wavelengths were small
(< 1 nm) for the majority of features. The largest difference
(2.91 nm) occurred in feature number 9. Similar results were
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TABLE II
COMPARISON OF THE WAVELENGTH POSITIONS (IN NANOMETERS) OF KNOWN ABSORPTION BANDS OF HOLMIUM OXIDE WITH THOSE MEASURED

FROM A CALIBRATED HOLMIUM STANDARD BY THE ASD FIELD SPECTROMETER AND THE SPECIM IMAGING SENSORS

found for the imaging sensors with the majority of features
having a difference of < 1 nm. Again, the largest difference
(3.91 nm) was found for feature number 9. Because of the
broader bandpasses of the imaging sensors, image spectra did
not exhibit all absorption features found in the ASD spectra.
Features 7 and 8 were resolved as an absorption doublet in the
ASD spectra, but in the image spectra, they were convolved into
a single feature, with a minimum at 644 nm. This wavelength
was close to the midpoint between bands 7 and 8 (see Table II).
These data indicate that the wavelength calibrations of the ASD
spectrometer and the imaging sensors are consistent. The dif-
ference between the known absorptions of holmium and those
measured with the ASD spectrometer and imaging sensors is
sufficiently small to allow the direct comparison of data—in
this case, the wavelength position of F900—for the purposes of
this study.

D. Determination of Wavelength Position of F900

Because the smoothed ASD spectra had small amounts of
noise, the wavelength position of F900 was determined directly
from the spectral data themselves, after normalizing the spectra
for brightness by removing the spectral continuum [22]. It is
not possible to define a “true” continuum for iron minerals
in the VNIR because this part of the spectrum is affected by
an intense charge transfer absorption which extends from the
UV–visible boundary into the SWIR, across the F900. F900 was
isolated by removing the continuum between 770 and 1150 nm
(see Fig. 2(a); cf. [13]). The wavelength position of F900 was
then determined as the wavelength of minimum reflectance
between 770 and 1150 nm.

In spectra where noise is present, the determination of
wavelength position is more difficult. Even small amounts
of noise can potentially cause large changes in wavelength
position, particularly where features are broad (as is the case
for F900). Noise over the wavelength range of F900 is caused by
absorption by atmospheric water vapor and/or the reduced sen-
sitivity of the VNIR sensor (i.e., at wavelengths > 930 nm; see
Fig. 1). Using data acquired in the laboratory, Haest et al. [15]
reduced the impact of noise by fitting a fourth-order polynomial

to all data points in the absorption feature; the continuum was
then removed from the fitted polynomial curve instead of the
original spectrum. This approach is tested here on the image
spectra of powdered hematite and goethite. Fourth- and fifth-
order polynomials were generated from a least squares fit to the
original data between 770 and 1150 nm [see Fig. 2(a)]. Initial
results showed that a fifth-degree polynomial provided the best
fit to the spectral curve and was better at estimating the wave-
length position of F900 (see Section III-A). For all imagery, the
wavelength position of F900 was determined from the original
image data and, separately, from a fifth-order polynomial curve
fitted to the same data. For each method, a grayscale image
with the same spatial dimensions as the hyperspectral data
cube was created describing the wavelength position of F900

at each pixel.

E. Experiments

1) Experiment 1—Consistency of Wavelength Position of
F900 in Homogeneous Samples: Experiment 1 was designed
to test how much variability occurs in the wavelength posi-
tion of F900 derived from hyperspectral imagery of pressed
homogeneous rock powders. The hypothesis was that, because
powders are compositionally homogeneous, there should be
little or no within-sample variability in the wavelength position
of F900. If large variability in wavelength position was found
in imagery obtained from homogeneous powders in “ideal”
laboratory conditions, then it would be unlikely that wavelength
position could be determined reliably from imagery of whole
rocks in the laboratory or in the field. Results were compared
with those from ASD spectra.

Four rock types which had different characteristic intensities
of absorption were selected for analysis: hematite, goethite,
banded iron formation (BIF), and shale. Shale was selected
because it had a less intense (deep) F900 absorption than the
other rock types. This allowed the consistency of wavelength
position to be tested across a range of F900 intensities from
weak (shale) to strong (goethite). Rocks of each type were
sampled from cores obtained during exploration drilling. Four
replicate samples were acquired for each rock type and were
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Fig. 2. Effects of fitting a polynomial curve to the F900 absorption feature to determine its wavelength position. (a) Reflectance spectra (400–2500 nm) of
hematite and goethite showing the location of the F900 crystal field absorption (arrow). The dashed lines represent the continuum (770–1150 nm). (b) Reflectance
spectrum (770–1150 nm) of hematite with fitted fourth-order polynomial. (c) Reflectance spectrum (770–1150 nm) of hematite with fitted fifth-order polynomial.
(d) Continuum-removed or normalized reflectance spectra of hematite from the original data and the fourth- and fifth-order polynomials derived therefrom.
Wavelength positions of F900 derived from the fourth- and fifth-order polynomials are indicated (860 and 878 nm, respectively). The “true” wavelength position
of F900 (879 nm) derived from ASD spectra is indicated by the bold arrow at the bottom. RMSE between the original spectrum and the fourth- and fifth-order
polynomials is shown in (b) and (c), respectively. The wavelength position of F900 (i.e., the wavelength of smallest reflectance value) in the original spectrum
before and after continuum removal is indicated by the horizontal arrows in (c) and (d), respectively.

separately ground to a homogeneous powder in a ring mill.
Subsamples were taken to confirm the composition of the rock
powder using X-ray diffraction (XRD) and X-ray fluorescence
analyses. The remaining rock powder was placed on separate
matt-black paper trays to a height of 1.5 cm. ASD spectra were
acquired from each sample. Samples were then remixed in their
trays and pressed for 10 s using a flat object of consistent weight
to remove variations in the surface topography of the powder.
Hyperspectral imagery was acquired of all samples using artifi-
cial light. Pixel values from the grayscale images of wavelength
position were extracted for the whole area of each sample.

2) Experiment 2— Consistency of Wavelength Position of
F900 in Whole-Rock Samples: Experiment 1 examined the
ability of hyperspectral imagery to resolve the wavelength
position of F900 from homogeneous rock powders. In reality,
however, hematite and goethite often occur in discrete patches
on rocks of variable shape, size, and surface topography. In
Experiment 2, we determined if changes in wavelength position
could be detected and mapped in whole-rock samples of iron
ore. The rock samples selected for this analysis were mainly
composed of discrete patches of hematite and goethite, al-
though mixtures of the two minerals were present in some small
areas. Hyperspectral imagery was acquired in the laboratory,
under artificial light, and therefore presented the “best case
scenario” for quantifying the wavelength position of F900 in
whole rocks. If there was little or no agreement between the

TABLE III
ARTIFICIAL MIXTURES OF CRUSHED ROCK WITH VARIOUS

PROPORTIONS OF GOETHITE (EXPERIMENT 3)

observed distribution and that mapped by F900, then detect-
ing similar changes in wavelength position from hyperspec-
tral data acquired using natural sunlight would be difficult or
impossible.

To determine if the wavelength position of F900 derived from
hyperspectral imagery was consistent with patterns of hematite
and goethite on the rock surface, the distribution of pixels
representing the wavelength position was compared with their
visual-based distributions. While the rocks were still on the
imaging platform, areas on the rock surface that were composed
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Fig. 3. Variability of the wavelength position of F900 for replicate samples of (a) hematite, (b) goethite, (c) BIF, and (d) shale, derived from (left panel) the
original data and (right panel) a polynomial fit to the original data. Graphical elements of the box plots describe various statistical attributes of the data: Box
boundaries (25th and 95th percentiles), thin and bold lines bisecting box (median and mean of data, respectively), whiskers (10th and 90th percentiles), and filled
circles (5th and 95th percentiles of the outliers). The arrows indicate the “true” wavelength position of F900, derived from ASD spectra. Standard deviation is
given to the right of each replicate.

entirely either of hematite or goethite were identified by visual
inspection. This was done using a magnifying glass to closely
examine the color and grain size of the rock surface. Maps were
made of the observed distribution of the minerals using mea-
surements of distance between topographical–morphological
features on the rock surface. Using these maps together with
the original hyperspectral image, separate regions of interest
(ROIs) were specified for areas of hematite and goethite, re-
spectively (two ROIs in total). These ROIs were then consid-
ered to represent the true “observed” distributions of hematite
and goethite on the rock surfaces. Areas which appeared to be
composed of mixtures of hematite and goethite were not con-
sidered for further analysis and were not included in the ROI.

Because hematite and goethite were present in discrete
patches (pixels were likely to be either hematite or goethite and
not mixtures thereof), statistical measures used to describe the
consistency (i.e., agreement) between the observed distribution
and the distribution derived from the wavelength position of
F900 should operate on categorical, rather than continuous,
data. Pixels were therefore classified as hematite or goethite
depending on whether the wavelength position of F900 was,
respectively, below or above a threshold wavelength. This was
repeated across a continuum of wavelengths between 820 and
980 nm at intervals of 1 nm. The agreement between the
distribution of hematite and goethite mapped by each threshold
and their observed distributions (defined by the ROI) were

TABLE IV
AVERAGE DIFFERENCE (IN NANOMETERS) AMONG REPLICATES (n = 4)

OF THE WAVELENGTH POSITION OF F900 DETERMINED

RESPECTIVELY FROM ASD AND IMAGE SPECTRA OF

POWDERED ROCK SAMPLES (EXPERIMENT 1)

evaluated using the Kappa coefficient of agreement (Kappa)
[23], [24] and the receiver operating characteristic (ROC) [25].

3) Experiment 3— Wavelength Position of F900 as an Indica-
tor of the Proportion of Goethite: With increasing proportion
of goethite, the wavelength position of F900 shifts to longer
wavelengths. The broader spectral bands of the image data
and increased amounts of noise may compromise our ability
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to resolve subtle shifts in wavelength position which occur
as a result of small to moderate changes in the proportion of
goethite. We tested the hypothesis that relatively small changes
in the proportion of goethite can be detected as shifts in the
wavelength position of F900 derived from hyperspectral im-
agery. Results were compared with those from ASD spectra.

Independent samples of crushed rock, with particle sizes
ranging between 0.2 and 3 mm, were mixed together in an in-
dustrial mixer to give variable proportional amounts of goethite
relative to hematite (see Table III). Mixtures were placed into
separate plastic trays to a depth of 1.75 cm so that the surface
was level with the edge of the trays. Eight spatially independent
ASD spectra were acquired by randomly placing the reflectance
probe on to the surface of each mixture. A hyperspectral image
was then acquired of all trays in a single scan.

Pixel values were extracted from the grayscale images rep-
resenting the wavelength position of F900. To allow the direct
comparison of results from the ASD spectrometer and hyper-
spectral imagery, pixels were extracted from the same areas of
sample from which ASD spectra had been previously acquired.
To do this, ROIs were specified for each area separately, using
an RGB color composite of the hyperspectral image. ROIs were
positioned using the faint impressions left on the sample by the
outside edge of the reflectance probe as a guide. Pixel values
within each ROI were averaged to give eight measurements per
mixture (48 measurements in total). These averaged measure-
ments were used for all further analyses.

The strength and nature of the relationship between the
wavelength position of F900 and the proportion of goethite
was explored using analyses of regression. Analysis of variance
(ANOVA) was used to test for differences in the wavelength
position of F900 among mixtures (with six levels and n = 8).

4) Experiment 4— Mapping Proportion of Goethite in Rocks
on a Vertical Mine Face: Experiment 4 tests the hypothesis
that the wavelength position of F900 can be determined with
sufficient resolution to detect and map spatial variations in
the distribution of hematite and goethite on a vertical mine
face. In imagery acquired under natural sunlight, atmospheric
absorption can significantly increase noise in certain parts of
the spectrum, making the determination of wavelength posi-
tion more challenging. There are four atmospheric absorption
features which may increase noise over the spectral region of
F900: weak absorptions at 720 and 822 nm, intense features
centered on 945 and 1135 nm, and an intense but narrow feature
at 762 nm, caused by absorption by oxygen and water vapor
(see Fig. 1). Other sensor-induced and environmentally induced
factors can also increase noise in data acquired in the field.

Hyperspectral imagery was acquired from a mine face in an
open-pit mine at Tom Price, in the Pilbara, Western Australia,
during the late Austral springtime. Imagery was collected from
a mine face dominated by high-grade ore, principally hematite.
Rocks, which appeared to be dominantly composed of goethite,
were located in isolated patches on the mine face. Quadrats
(70 cm × 70 cm) were placed over areas identified, by visual
inspection, as hematite or goethite (1 quadrat per area). For
validation, between three and five representative rock samples,
from within each quadrat, were collected for quantitative XRD
analysis.

Fig. 4. Images of wavelength position of F900 for homogeneous powders for
each of the four replicate samples of (a) hematite and (b) goethite, derived from
the original data and fitted polynomial. The sample replicate number is shown
at the top. See also Fig. 3.

F. XRD Analysis

XRD analyses were done to provide quantitative information
on the abundance of hematite and goethite in samples [26], [27].
Samples were powdered in a ring mill and then micronized with
a zinc oxide internal standard for quality control. Diffraction
patterns were measured in a PANalytical X’Pert Pro PW3040
diffractometer, fitted with a cobalt tube to provide the source
of radiation. Quantitative analysis was done on the diffrac-
tion patterns using the SIROQUANT (V3) software devel-
oped by the Commonwealth Scientific and Industrial Research
Organization (CSIRO).

III. RESULTS

A. Determination of Wavelength Position of F900

Example ASD spectra showed that hematite had a lower
reflectance (typically < 15%) compared with goethite [see
Fig. 2(a)]. Due to its low reflectance, the image spectra of
hematite were noisier than those of goethite. Hematite therefore
was used to illustrate the differences between the order of the
polynomial and the goodness of fit. The fifth-order polynomial
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Fig. 5. Wavelength position of F900 derived from imagery of whole-rock samples of iron ore composed of hematite and goethite. (a) Contrast enhanced true-
color (RGB) composite is shown for context. Patches of hematite are blue, and goethite is yellow cream. Rocks 1 and 2 are composed almost entirely of hematite
or goethite, respectively, and all other rocks have variable amounts of hematite or goethite arranged in discrete patches on their surfaces. (b) Wavelength position
of F900 from original image data. (c) Wavelength of F900 derived from a fifth-order polynomial fit to the original data. The color table applied to images in (b)
and (c) shows increases in wavelength position as transitions from blue to red.

provided a better fit to the data than did the fourth-order one
(see Fig. 2). Differences were found in the wavelength position
of F900 derived from the fourth- and fifth-order polynomials,
with the fifth-order polynomial being closer to the “true” wave-
length position determined from ASD spectra [see Fig. 2(d)].

B. Experiment 1: Consistency of Wavelength Position of F900

in Homogeneous Samples

Variability in the wavelength position of F900 derived from
the original data and from the polynomial fit was compared
using all pixels in each sample (see Fig. 3). Large amounts of
variability were observed in the wavelength position of F900

derived from the original data, causing some pixel values from
hematite to overlap with those of goethite. In comparison, the
variability in the wavelength position of F900 derived from a
polynomial fit was much smaller, and there was a large interval
of wavelengths (45 nm) between maximal values for hematite
and minimal values for goethite [cf. Fig. 3(a) and (b)]. Similar
amounts of variability were observed for BIF and shale which

tended to have weaker absorption features than did goethite.
Differences between the “true” wavelength position of F900,
derived from ASD spectra (shown by arrows), and the average
wavelength position of pixel spectra over the entire sample
(shown by the bold line bisecting each box) are much greater
for F900 derived from the original data compared with the
fitted polynomial (see Fig. 3 and Table IV). Large shifts of
F900 to longer wavelengths were found when it was derived
from the original data (see Fig. 3 and Table IV). This positive
bias in wavelength degraded the spatial consistency of pixels
representing the wavelength position within each homogeneous
sample. Compare, for example, the spatial variability in the
wavelength position of F900 for replicate 3 of hematite derived
from the original data and the fitted polynomial (see Fig. 4).

C. Experiment 2: Consistency of Wavelength Position of F900

in Whole-Rock Samples

An enhanced true-color composite shows the approximate
distribution of hematite and goethite in the rock samples [see
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Fig. 6. Frequency distributions of the wavelength position of F900 from
whole-rock samples (Experiment 2), normalized to the number of pixels in each
ROI representing hematite or goethite. (a) F900 derived from the original data.
(b) F900 derived from a polynomial fit to the original data.

Fig. 5(a)]. The image of the wavelength position of F900,
derived from the original data, showed large amounts of spa-
tial variability among pixels [see Fig. 5(b)]. The wavelength
position of F900 in some areas of some samples (e.g., the top of
Sample 1) was shifted to longer wavelengths (i.e., > 930 nm)
than would be expected from its composition. This sample
was composed almost entirely of hematite, yet the wavelength
position of F900 from pixels in the topmost area indicated
goethite (i.e., their wavelengths tended toward those of goethite;
see results from [15] in Table I). The reverse situation is
found for Sample 2 (composed almost entirely of goethite), yet
many pixels had wavelengths consistent with hematite (blue
image tones). The image of the wavelength position of F900

derived from the polynomial fit showed less spatial variability
[see Fig. 5(c)]. Samples 1 and 2 had wavelengths which were
largely consistent with their dominant composition (hematite or
goethite, respectively).

Values representing the wavelength position of F900 were
extracted from the images, separately for each of the ROI
describing the true distribution of hematite and goethite. From
these data, histograms showed that the wavelength position
of F900, derived from the original image, had overlapping
distributions for hematite and goethite [see Fig. 6(a)]. This
indicated that F900 derived from these data did not describe
the observed spatial distribution of either hematite or goethite.
The histogram of the wavelength position of F900, derived
from a polynomial fit to the original data, showed a bimodal
distribution. The distribution of hematite (peak frequency at
881 nm) was distinctly different to goethite [peak frequency

at 932 nm; see Fig. 6(b)]. This indicated that the wavelength
position of F900, derived from a polynomial fit of the original
image data, was consistent with the observed distributions of
hematite and goethite. The small overlap between the modal
distributions was probably caused by pixels composed of mix-
tures of hematite and goethite.

The Kappa coefficient showed that there was very poor or no
agreement (Kappa = 0.1) between the observed distribution
of hematite and goethite and the wavelength position of F900

derived from the original data [see Fig. 7(a)]. Conversely, the
highest values of Kappa (peak > 0.68) indicated that there
was a very good agreement between the observed distribution
of hematite and goethite and the wavelength position of F900

derived from a polynomial fit to the original data. The threshold
wavelength which provided the optimal separation of hematite
and goethite was 902 nm [see Fig. 7(a)]. ROC curves indicated
that, across all threshold values used, the wavelength position
derived from the fitted polynomial was consistently better at
describing the observed distribution of hematite and goethite
than the wavelength position derived from the original data [see
Fig. 7(b)].

D. Experiment 3: Wavelength Position of F900 as an Indicator
of the Proportion of Goethite

Continuum-removed spectra (770–1150 nm) of individual
pixels from the original imagery and the polynomial fit are
shown in Fig. 8. Most spectra of mixtures from the original
image showed a marked increase in noise at wavelengths
greater than 930 nm, making it difficult to identify any coherent
progressive increase in the wavelength position of F900 with
increasing proportion of goethite [see Fig. 8(a)]. Spectra of the
fitted polynomial show a progressive change in the wavelength
position of F900 from shorter to longer wavelengths with in-
creasing proportion of goethite [arrow in Fig. 8(b)].

There were strong relationships between the proportion of
goethite derived from XRD analysis and the wavelength po-
sition of F900 (see Fig. 9 and Table V). The strength of the
relationships were similar for ASD spectra, the original image
data, and the polynomial derived from the original image data
(see Fig. 9(a)–(c), respectively). The slope and intercept of the
regression line for ASD spectra and the fitted polynomial were
similar; however, the intercept for the original data showed
a positive bias. This is consistent with the shift in F900 to
longer wavelengths, found in Experiments 1 and 2, when it
was derived from the original image data. Variability among the
eight replicates was greatest for F900 derived from the original
data [note larger error bars in Fig. 9(b)].

There were significant differences in the wavelength position
of F900 among the artificial mixtures of crushed rock (see Fig. 9
and Table VI). Student–Newman–Keuls (SNK) tests were used
to test for significant differences in wavelength position be-
tween pairs of mixtures. Two contrasting results were found: 1)
The wavelength position of F900 derived from the ASD spectra
and from the original image showed significant differences
among all mixtures of crushed rock, except for the samples with
the two smallest proportions of goethite, i.e., Samples 1 and 2
(see Table III); these were not significantly different from one
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Fig. 7. (a) Kappa coefficient of agreement between observed and predicted distributions of hematite and goethite mapped using a threshold of the wavelength
position of F900. The threshold wavelength started at 820 nm and was incremented by 1 nm until it reached 980 nm. Pixels with a wavelength below and above
the threshold were classified as hematite and goethite, respectively. A fitted curve which best describes Kappa values derived from the polynomial fit is shown
(solid line). The threshold wavelength which provided the optimal separation between hematite and goethite (i.e., the peak of the fitted curve) is indicated by the
arrow. (b) ROC curves showing the overall agreement between observed distribution of hematite and goethite and that mapped by wavelength position derived
from the original data and polynomial fit. The area under each curve (AUC) is indicated. The diagonal is the line of random guess (AUC = 0.5).

Fig. 8. Normalized image spectra (770–1150 nm) from a single image pixel,
randomly selected from each mixture of crushed rock (n = 6). Figures in
legend indicate the proportion of goethite in the sample, derived from XRD:
(a) Original data and (b) polynomial fit. The wavelength of the crossover point
between the VNIR and SWIR sensors is indicated by the vertical dashed line in
(a). The direction of the shift in wavelength position of F900 associated with
an increase in the proportion of goethite is indicated by the arrow in (b).

another, but together they were significantly different from all
other mixtures [see Fig. 9(a) and (b)]; and 2) the wavelength
position of F900 derived from the fitted polynomial of the
original image was significantly different among all mixtures
[see Fig. 9(c)].

E. Experiment 4: Mapping Proportion of Goethite in Rocks on
a Vertical Mine Face

The original image of the mine face showed color changes
between areas which were thought, from inspection of the rocks
in the field, to be either hematite or goethite [see Fig. 10(a)].
The wavelength position of F900 derived from the original data
showed poor correspondence with the spatial distribution of
hematite and goethite identified in the field [cf. Fig. 10(a) and
(b)]. In Fig. 10(b), colors representing wavelengths longer than
900 nm are predominant, which indicated, incorrectly, that the
dominant mineral on the mine face was goethite, not hematite.
In contrast, the wavelength position of F900, derived from a
polynomial fit to the original data, showed broad agreement
with the mineral distribution identified in the field [cf. Fig. 10(a)
and (c)]. The majority of pixel spectra in the image had a wave-
length position of less than 900 nm, consistent with hematite,
the dominant mineral on the mine face. Patches of goethite on
the mine face had longer wavelengths (i.e., > 900 nm). The
wavelength position of F900 within each quadrat was shifted to
longer wavelengths when derived from the original image data,
compared to the polynomial fit (see Fig. 11).

Quantitative XRD analysis showed that, on average, rocks in
Q1 contained 97.4 wt% hematite and 0 wt% goethite. Samples
from Q2 contained 73 wt% hematite and 21.9 wt% goethite.
XRD analyses were therefore consistent with the wavelength
position of F900 derived from the polynomial fit but not the
original imagery.

IV. DISCUSSION

The determination of the wavelength position of F900, as an
indicator of mineralogy, has been explored by previous studies
using nonimaging hyperspectral data collected mainly under
laboratory conditions from discrete areas of rock or from rock
chips. Although these studies found strong correlations between
wavelength position and some aspects of mineralogy (e.g., the
proportion of goethite in samples), it cannot be assumed that
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Fig. 9. Wavelength position of F900 in ASD and image spectra of artificial
mixtures of crushed rock with variable proportions of goethite. (a) ASD spectra.
(b) Spectra from original image. (c) Fifth-order polynomial fitted to spectra
from original image. Error bars in each case are standard deviation, representing
variability among replicates (n = 8). Brackets above plot symbols indicate
statistical significance of differences in wavelength position between pairs of
mixtures (SNK tests): (NS) nonsignificant, (∗) P < 0.05, and (∗∗) P < 0.01.
Equations at the bottom right of each graph are from a regression analysis of
wavelength position on the proportion of goethite derived from XRD.

TABLE V
RESULTS FROM LINEAR REGRESSION OF WAVELENGTH POSITION OF THE

FERRIC IRON CRYSTAL FIELD ABSORPTION AT ∼900 nm ON THE

PROPORTION OF GOETHITE (n = 6 DIFFERENT PROPORTIONS)

TABLE VI
ANALYSES (ANOVA; SINGLE FACTOR AND SIX LEVELS) OF MEAN

WAVELENGTH POSITION OF F900 DERIVED FROM SPECTRA

ACQUIRED FROM EACH OF SIX ARTIFICIAL MIXTURES

(n = 8 REPLICATES FOR EACH MIXTURE)

these strong correlations could be achieved from image data.
Without some knowledge about the variability in wavelength
position arising as a consequence of instrument noise or meth-
ods of measurement, no conclusions can be drawn from maps
of wavelength position determined from image data. Image
spectra, for the reasons already stated, are typically noisier than
spectra acquired by nonimaging instruments, such as the ASD
spectrometer. In maps of wavelength position, derived from
imagery on a per-pixel basis, noise in the spectral domain has
the potential to be translated into the spatial domain, degrading
spatial patterns. Thus, spatial variability in wavelength position
may be greater than the “true” variability which arises solely
from changes in mineralogy. This variability may be large
enough to undermine the very basis for using imagery, i.e., to
provide spatial context.

Our study examined rigorously the consistency with which
wavelength position in the VNIR can be determined from
imagery. We selected the ferric iron crystal field absorption—
F900—because it provided a difficult test of our ability to
extract wavelength position from imagery. Experiment 1 ex-
amined variability in the wavelength position of F900, from
compositionally homogeneous powders. Because data were
acquired under identical conditions of measurement from ho-
mogeneous powders with uniform characteristics of reflectance,
there should be little or no variability in the wavelength position
of F900 for pixels within each sample. This was not the case
for the wavelength position derived from the original image
data. Pixel values describing the derived wavelength positions
within each sample showed large amounts of variability. Large
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Fig. 10. Wavelength position of F900 derived from imagery of a mine face. (a) True-color composite showing location of the quadrats from where samples
were taken (white squares): 1 = Hematite, and 2 = Goethite. Approximate boundaries of areas mapped in the field as hematite, shale, and goethite are
shown (yellow polygons). (b) Wavelength position of F900 derived from the original data. (c) Wavelength position of F900 derived from a polynomial fit to the
original data.

Fig. 11. Variability in wavelength position of F900 generated from the
original data and from the polynomial fit. Data are from pixels within each
quadrat (see Fig. 10). Q1 = hematite, and Q2 = goethite. The horizontal
dashed lines are the approximate upper and lower wavelength boundaries of
F900 found by Haest et al. [15] (see Table I). For a complete description of the
graphical elements comprising the box plots, see Fig. 3 (caption).

differences were found between mean wavelength positions
of pixels within each sample and wavelengths derived from
ASD spectra. An unexpected, yet significant, finding was that
the wavelength position of F900 derived from the original
image spectra showed a positive bias compared with that from
ASD spectra (i.e., a shift to longer wavelengths, particularly
in spectra with low albedo). The reason for this was that
image data beyond 930 nm became progressively noisier as
the sensitivity of the VNIR sensor decreased. Noise was further
amplified by the procedure (arithmetic division) used to remove
the spectral continuum. Noise also increased the apparent depth
of the absorption feature, thus increasing the likelihood that a
minimum will be “found” in the noisiest parts of the spectrum.
These effects can be illustrated with reference to the wavelength
position of the smallest value in the original image spectrum
(i.e., the nominal wavelength position of F900 [see gray lines
in Fig. 2(c) and (d)]. Prior to the removal of the continuum,
the wavelength position of F900 is 880 nm [see Fig. 2(c)],
but after normalization, the wavelength position is 985 nm—a
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shift of 105 nm to longer wavelengths [see Fig. 2(d)]. Deriv-
ing the wavelength position from a polynomial fitted to the
original data substantially reduced variability and reduced the
differences in mean wavelength position between the image and
ASD spectra. The positive bias in wavelength position was also
largely removed. Using this approach, patches of hematite and
goethite on samples of whole rock and on the mine face could
be mapped using wavelength position.

The ability to determine accurately the amount of goethite, as
a proportion of the total amount of iron minerals, has economic
significance because, for some deposits of iron ore, it may be
used as a factor in determining the grade of ore. This has also
important implications for the processing of iron ore as large
amounts of goethite can have adverse effects on machinery.
Few, if any, published studies have used hyperspectral imagery
to quantify the wavelength position of F900 from imagery ac-
quired from field-based platforms. In order to compare directly
the image and ASD spectra, our analyses used wavelength posi-
tions derived on a per-pixel basis from the original data. These
values were then integrated (averaged) over the area measured
by the reflectance probe used to acquire ASD spectra. Spa-
tial averaging of pixels reduced variability in the wavelength
position caused by noise in the spectral domain but not the
positive bias. Thus, the wavelength positions of F900 derived
from the original image data and ASD spectra showed similar
strong correlations, but the former had a larger intercept caused
by the positive bias (see Fig. 9). To standardize measurements
across studies, data sets, or instruments, it is evident therefore
that the wavelength position of F900 should be derived using
a consistent method, specifically by using the same end points
(wavelengths) for the removal of the continuum and the same
order of the polynomial.

Smoothing of the data using spectral filters may also be
effective in reducing noise in the data, but this is unlikely to
be as effective as a polynomial fit. This is because noise in
some parts of the VNIR spectrum, e.g., at the joining point
between the sensors and at the location of atmospheric absorp-
tions, is often superimposed on a positive or negative shift in
reflectance which may be maintained consistently over several
wavelengths. Such noise is difficult to isolate and remove, even
using more sophisticated filtering techniques (e.g., [18] and
[28]). The shift in reflectance at the boundary of the imag-
ing sensors could potentially be reduced by using advanced
automated methods to spatially register the VNIR and SWIR
components of the data cube (e.g., [29]), although this has yet
to be demonstrated experimentally.

Wavelength position was used in this study as a continuous
variable to estimate the proportion of goethite in samples and
as a categorical measure of the ore type. The latter approach
may be especially useful in the context of mapping miner-
alogy. Vertical mine faces exhibit large variations in incident
illumination. Many established methods of classification (e.g.,
SAM) classify spectra of unknown identity by comparing their
spectral curve shape with a library of known mineral spectra.
Because SAM is an angular measure, it is relatively insensi-
tive to variations in the brightness of spectra [30], [31]. This
reduces its effectiveness in distinguishing hematite and goethite
because, after scaling their spectra to similar brightness, their

spectral curve shapes between 400 and 2450 nm are similar.
The major difference between these spectra is that they have
very different brightness. Brightness cannot be exploited as a
method of classification for imagery of mine faces because the
large variations in incident illumination would mask differences
in reflectance due to their intrinsic properties of reflectance
[32]. Our results show that hematite and goethite can be
classified using a simple threshold of the wavelength position
of F900 at 902 nm. This presents a way of classifying these
minerals without relying on an angular metric or differences
in brightness which, for the aforementioned reasons, could be
ineffective. Further work, however, needs to be done to confirm
that the wavelength position of F900 is insensitive to variations
in incident illumination.

The increasing use of hyperspectral imagery acquired in field
settings continues to open up new applications for its use. The
experiments described here provide the first validated results
which show that the wavelength position of absorption features
in the VNIR can be determined from hyperspectral imagery
acquired in the laboratory and in the field. Further work is
underway to improve the accuracy and precision with which the
wavelength position of absorption features can be determined
from image spectra using machine learning techniques.

V. CONCLUSION

The determination of wavelength position of absorption fea-
tures in the VNIR (400–1200 nm) from hyperspectral imagery
is more challenging than that for data acquired using non-
imaging instruments. The wavelength position of absorption
features, such as those of ferric iron minerals which straddle
the spectral regions sampled by different sensors, cannot be
reliably extracted directly from hyperspectral imagery. Spectral
noise caused a shift in the wavelength position of the ferric
iron feature to longer wavelengths, making it impossible to
map distributions of hematite and goethite, even from imagery
acquired under ideal conditions in the laboratory. Conversely,
wavelength position determined from a polynomial fit to the
image pixel spectra enabled the spatial distributions of hematite
and goethite to be mapped from laboratory imagery of rock
samples and from field imagery of a vertical mine wall. Thus,
the wavelength position, as a feature, can be used as a cate-
gorical measure of the distribution of iron minerals. The use
of wavelength position derived from hyperspectral imagery to
quantify the proportion of goethite in samples is demonstrated.
The overarching conclusion of these studies is that the wave-
length position of features in the VNIR (400–1200 nm) should
be determined from imagery using a polynomial (or equivalent)
fit to the data and not from the original data themselves.
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